Perhaps chief among these currently is DNA and RNA sequencing, driven largely by the combination of cheaper sequencing and the biological importance of genomic information. Sequencing results are now being used both for molecular diagnosis, and the identification of disease-specific mutations Doherty and Bamshad 2012; Dyment et al. 2012 ). In the cancer context, they have been used for the identification of cancer susceptibility-and drug sensitivity-associated genes (Banerji et al. 2012; Cromer et al. 2012; Johnston et al. 2012; Koo et al. 2012) . Both germline and somatic variants are informative in this context (Gillis et al. 2013; Hertz 2013) . The presence of variants in non-cancerous genomes (such as the 1000 Genomes and ESP5400), 1, 2 as well as databases such as the National Center for Biotechnology Information (NCBI) database of Single Nucleotide Polymorphisms (dbSNP), 3 and the Catalogue Of Somatic Mutations in Cancer (COSMIC) 4 may be determined, placing those variants in either a non-cancerous (1000 Genomes, ESP5400, dbSNP) or cancerous (COSMIC) context. Ultimately, the goal will be the use of sequencing for precision oncology (Abaan et al. 2013; Cronin and Ross 2011) .
The large-scale cell line panels
Although cancer cell lines lack the complexities of clinical cancer tissues (Weinstein 2012) , they do present rich sources of data that has led to improved understanding of cancer physiology and pharmacological response. We review here three important initiatives that have been undertaken in recent years that approach cell lines in a more systematic fashion, and have generated information that may be applied in a systems biological fashion to cancer therapeutics.
The Cancer Cell Line Encyclopedia (CCLE) is a collaborative effort of the BROAD Institute and the Novartis Institutes for Biomedical Research. 5 It includes 1,046 cell lines and has molecular data for the (1) mRNA expression, (2) DNA copy number, (3) single nucleotide polymorphisms (from SNP array) and (4) mutational status of ~1,600 genes selected to remove likely germline events. It also includes pharmacological profiles for 24 anticancer drugs across approximately half of the cell lines (507 cell lines) (Barretina et al. 2012 Cancer Genome Project (CGP) and drug activity data.
6 It includes 778 cell lines and has molecular data for (1) mRNA expression, (2) point mutations for 64 genes by sequencing, (3) gene amplifications and deletions, (4) microsatellite instability, and (5) frequently occurring DNA rearrangements (Garnett et al. 2012) . Pharmacological profiles for 138 anticancer drugs versus 715 cell lines have also been done .
The cell lines of the US National Cancer Institute (the NCI-60) provided the first of the cell line panels, developed in the mid 1980s under the leadership of the Developmental Therapeutics Program (DTP) (Paull et al. 1989; Shoemaker 2006) . It includes 60 cell lines, and its molecular data include: (1) karyotypic analysis with multiple parameters of genomic instability (Roschke et al. 2003) , (2) DNA copy number (Bussey et al. 2006; Reinhold et al. 2010 Reinhold et al. , 2014 , (3) single nucleotide polymorphisms (Ruan et al. 2012) , (4) whole-exome sequencing identification of 140,171 variants (germline and somatic) (Abaan et al. 2013 ), (5) gene transcript expression (done using five platforms) Reinhold et al. 2012) , (6) micro-RNA expression (Blower et al. 2007; Liu et al. 2010) , (7) global proteomic analysis (Moghaddas Gholami et al. 2013) , and (8) metabolite profiling (Jain et al. 2012 ). In addition, more narrow profiles for the NCI-60 include: (1) DNA fingerprinting (Lorenzi et al. 2009 ), (2) putative tumor stem cell marker identification (Stuelten et al. 2010) , (3) genotyping of HLA class I and II antigens (Adams et al. 2005) , (4) nuclear receptor and ABC transporter quantitative RT-PCR expression profiling (Holbeck et al. 2010a; Szakacs et al. 2004) , and (5) reverse-phase protein lysate microarrays (Nishizuka et al. 2003 ). To date, over 100,000 compounds, including ~50,000 natural products are available for analysis (Holbeck et al. 2010b ). Of these, there are currently 50,163 publicly available at the DTP web site, 49,512 non-public, and 20,002 compounds, including 114 FDA-approved and 55 clinical trial drugs available through CellMiner Shankavaram et al. 2009). 7, 8 It is by far the largest publicly accessible cell line panel compound and drug database worldwide (Weinstein 2012) . Additional phenotypic assays include: (1) ionizing radiation response (Amundson et al. 2008) , (2) homologous recombination and base excision repair phenotype identification (Stults et al. 2011) , (3) apoptotic sensitivity and CD95 Type I or II status (Algeciras-Schimnich et al. 2003) , (4) S-1 phase arrest induced by DNA damage (Garner and Eastman 2011), and (5) rhodamine efflux as a measure of multidrug resistance (Lee et al. 1994 ).
Each of these datasets has its assets and liabilities. The CCLE and GDSC offer large numbers of cell lines, thus providing more extensive coverage in terms of disease tissue of origin with 25, 16, and 9 for CCLE, GDSC, and the NCI-60, respectively. A longer list of specific disease histology is available for CCLE and GDS as well. The increased numbers of cell lines for CCLE and GDS also provide increased ability to identify less common or disease-specific mutations. The NCI-60 offers a uniquely large number of "omic" molecular data profiles, a number of more narrow molecular profiles, and the additional forms of phenotypic data described above. Perhaps most importantly, the NCI-60 has the largest compound library. Its natural products and compounds include many with activity profiles that are unlike anything currently in the clinic, an underappreciated asset for the field (Holbeck et al. 2010b ). Each of these three cell line panels is undergoing augmentation.
Cell line databases overlap and consistency
There are 1,324 cell lines in total for the CCLE, GDSC, and NCI-60 combined, with various amounts of overlap for the different data types. The overlap comparisons for the (1) cell lines, (2) common drugs, (3) number of cell lines with drug data, (4) number of cell lines with transcript expression data, and (5) number of cell lines with DNA variant data are summarized in Table 1 . Such overlaps enable data cross-validation and comparison, and potentially extrapolation between panels.
Prior work comparing the transcript expression profiles of the CCLE and GDSC (CGP) found the data to be well correlated with a median correlation of 0.85 ). In addition, comparisons of mutations in the CCLE and GDSC found robust relationship by two-sided Wilcoxon rank-sum test (p value of 1 × 10
) ). However, the result for the pharmacological data is more problematic. For the CCLE and GDSC, comparison of 15 overlapping drugs yielded only two drugs with good correlations (r = 0.61 and 0.53) . For the NCI-60, ten drugs also have data in the CCLE database.
Of these, two (20 %) have significant correlations. Of the 44 drugs that have available data for both the NCI-60 and the GDSC, 18 (41 %) show significant correlations (by Spearman's correlation, p < 0.01 for both comparisons).
Multiple factors are likely to contribute to these inconsistencies. Assay types and time point are surely contributors, as CCLE measures ATP levels at 72-84 h, GDSC measures nucleic acids for adherent, or oxidation-reduction levels for suspended cells at 72 h, and the DTP measures total protein at 48 h (Barretina et al. 2012; Garnett et al. 2012; Rubinstein et al. 1990 ). Additional factors that have been raised include range of drug concentrations tested, choice of an estimator for summarizing the drug dose-response curve, gene expression profiles, and computational approach Weinstein and Lorenzi 2013) . This has brought into question the identification of genomic predictors using these pharmacological data . However, as all information is not obtained from a single assay or specific time, these datasets should most likely be viewed as being complementary, once reproducibility (within assay type) and proper concentration values (for each drug) are obtained.
Large-scale clinical data, the TCGA
The Cancer Genome Atlas (TCGA) 9 is a collaborative effort between the NCI and the National Human Genome Research Institute (NHGRI). It applies analytical genomic approaches to clinical tissue samples based on principles similar to those utilized in the cell line panels. It currently includes data from ~9,939 patients from 33 cancer types. It has molecular data for: (1) DNA copy number, (2) SNP genotyping, (3) DNA methylation, (4) exon sequencing of at least 1,200 genes, (5) gene transcript expression, and (6) microRNA profiling. In addition, TCGA provides patient therapy information. However, interpreting the therapeutic 9 http://cancergenome.nih.gov and https://tcga-data.nci.nih.gov/tcga/. data is complex because patients receive drug combinations, which are not uniform for all patients.
The integration of statistical learning, biology, and pharmacology
The patterns that exist between molecular and pharmacological parameters may be interrogated in either direction, that is to say starting with drug activity and considering what genomic molecular events might be involved, or starting with the genomic characteristics and considering their potential influence on pharmacology. The selection of which analytical method to use to identify biologicallyrelated events is affected by what is currently known, and the particular questions of interest. It remains a challenging endeavor, especially because the factors that affect drug activity may be multifactorial.
Compound activity and genomic profiling data over wellcharacterized cell line panels allow computational prediction of molecular drug response determinants. The computational techniques exist in a continuum of complexity (Fig. 1) . Simple analyses begin with correlation-based filters that prioritize genomic features whose cell line profiles are significantly correlated with the corresponding compound activity profile (by Pearson's or Spearman's correlation). This methodology has the ability to recognize robustly correlated parameters. Examples of results of this type of analysis are: (1) ABCB1 expression and doxorubicin activity, (2) the activities of DNA-damaging drugs and SLFN11 expression, and (3) BRAF V600E mutational status and vemurafenib activity (Abaan et al. 2013; Gmeiner et al. 2010; Reinhold et al. 2012; Zoppoli et al. 2012) . It also may be used to identify broad trends in pharmacological response . It is at the core of the COMPARE algorithm pioneered by the NCI-DTP (Paull et al. 1989) , and it has been further developed and applied in multiple studies (Covell 2008; Liu et al. 2010; Reinhold et al. 2012; Ross et al. 2000; Shankavaram et al. 2009; Weinstein et al. 1997) . Statistical tests, such as t tests, can also be applied to rank molecular events that differ between sensitive and resistant lines for further evaluation (Covell 2012; Kwei et al. 2012) . The obtained gene sets can be evaluated for enrichment of genes associated with particular biological pathways and processes, using tools such as GoMiner 10, and Gene Set Enrichment Analysis (GSEA) 11 (Zeeberg et al. 2003) . Notably, these analyses based on fundamental statistical tests can be 'reversed' in a sense by beginning with a binary gene expression or other phenotypic profile, and screening for compounds with significant differences in activity between the two specified classes.
While these methods emphasize discovery of individual correlated and potentially causal and predictive features, more complex approaches attempt to identify limited sets of interacting response markers. Biologically, this makes sense if one presumes that there are potentially many molecular events which might affect pharmacological response that act in a cumulative fashion. Following this rationale, both the CCLE and GDSC projects have applied the elastic net algorithm (Zou and Hastie 2005) , a linear regression-based method, to infer multivariate drug response predictors combining diverse molecular data types (Garnett et al. 2012 ). The elastic net attempts to reconstruct a drug activity profile as a weighted sum of a limited number of genomic features and includes feature weights and signs to indicate the relative strength and direction of influence. More complex, non-linear methodologies (i.e., random forests and nearest neighbor methods) have also been used to predict drug response using proteomic profiles of the NCI-60 (Ma et al. 2006) . A potential shortcoming of many non-linear techniques is the limited interpretability of their results, with the response often not being explicitly modeled as a simple function of the predictive features.
An overarching concern with these mathematically formulated methods is their ability to recognize the biologically meaningful features from the large number of inputs. An aid in this area is the application of sound statistical learning principles, such as the strict separation of data used to develop and evaluate predictive models (Baggerly and Coombes 2009; Coombes et al. 2007 ; Papillon-Cavanagh 10 http://discover.nci.nih.gov/gominer/index.jsp. 11 http://www.broadinstitute.org/gsea/index.jsp. 
Non-Linear
Increasing Complexity et al. 2013). Other ways to achieve greater biological specificity have considered combining binary genomic features using Boolean set operations, with union, intersection and difference operations acting as proxies of molecular redundancy, synergy, and resistance, respectively (Masica and Karchin 2013) . A promising new direction for enhancing all these techniques is to leverage prior biological knowledge, such as molecular interactions derived from biological pathways using literature-curated resources, or computationally inferred gene regulatory networks (Croft et al. 2011; Kohn 2001; Kohn et al. 2006; Margolin et al. 2006 ). Promising results have been achieved by mapping gene expression values to metabolic networks to predict drug targets for known anticancer drugs in the NCI-60 (Folger et al. 2011 ). Extensions to the elastic net have also been proposed to prioritize predictor sets that are associated in a network of established molecular interactions (Li and Li 2008) . A limitation of these methodologies comes from the incomplete state of biological knowledge, such as the ability to find comprehensive and high quality interaction networks. Projects such as Pathway Commons are designed to aggregate disparate interaction databases and should help these methods advance (Cerami et al. 2011) .
Observations with translational implication
The various forms of data may provide insights in several ways (Fig. 2) . From the cell line panels, several potentially important associations have been identified between cancerspecific genomic alterations and pharmacological responses. From the CCLE panel: (1) MEK inhibitor efficacy was associated with AHR expression in NRAS mutant cell lines, (2) sensitivity to topoisomerase inhibitors was predicted by SLFN11 expression, and (3) IGF1R inhibitor response was correlated with plasma cell lineage (Barretina et al. 2012) . From the Massachusetts General Hospital Cancer Center: (1) activating mutations in EGFR and amplifications of EGFR and HER2 were shown to affect the EGFR inhibitor erlotinib, (2) amplifications in MET were shown to affect the MET inhibitor PHA665752, and (3) the V600E BRAF mutation was shown to affect the BRAF inhibitor AZ628 (McDermott et al. 2007) . From the GDSC, EWS-FLI1 translocation-containing cells were associated with sensitivity to PARP inhibitors (Garnett et al. 2012) . The association of EGFR mutations with the response of erlotinib provides a clear example of translation from cell lines to clinic: erlotinib-refractory cell lines and patient tumors both specifically have wild-type EGFR (McDermott and Settleman 2009) . From the NCI-60, (1) the activity of MDM2-TP53 interaction inhibitor nutlin was shown to be dependent upon TP53 mutational status, (2) BRAF V600E mutational status was associated with activity of vemurafenib and MEK inhibitors, (3) a multifactorial combination of ERBB1 and 2 expression and RAS-RAF-PTEN mutational status was associated with the activity of erlotinib, and (4) ATAD5 mutational status was associated with the DNA-damaging bleomycin, zorbamycin, and peplomycin activities (Abaan et al. 2013) . Specific examples of working back and forth between the molecular and compound data are found in two recent publications. In the first, drugs activities were used to identify an important novel molecular factor in pharmacology, SLFN11 expression (Gmeiner et al. 2010; Zoppoli et al. 2012 ). In the second, important molecular events (RUNX1 and CBFB expression) in core binding factor leukemia were used to identify candidate lead compounds. Ro5-3335, a drug developed for other purposes [treatment of HIV (Cupelli and Hsu 1995) ], was identified informatically, and subsequently these genes were shown to have a causal relationship with the identified compound (Cunningham et al. 2012) (Fig. 2) .
From the TCGA, multiple informative results are being reported. Gene mutations involved in squamous cell cancer of the head and neck, such as FAT1, MLL2, TGFRBR2, HLA-A, and NFE212 have been identified (Mountzios et al. 2014) , providing potential targets for pharmacological intervention. The association between connexin 43 and temozolomide resistance found in cell lines has potential clinical relevance, given the elevated levels of CX43 observed in glioblastoma tumor samples (Munoz et al. 2014) . Used in conjunction with CCLE data, numerous candidate metabolic vulnerabilities were identified, many of which can be targeted with FDA-approved drugs (Aksoy et al. 2014 ).
Future perspectives
There has been, and continues to be debate about the role of the large-scale cell line and cancer "omic" databases and how they mesh with traditional one gene at a time molecular biological approaches. It has been argued that progress in molecular biology is being jeopardized by the shift in funding to the large-scale "omics" projects (Weinberg 2010) . While what proportion of the funding should go to either type of research may be debated, and traditional molecular biology certainly has in the past and will in the future continue to make important contributions, to pretend that a patient's cancer or pharmacological response can be viewed or understood as a one-gene event based on isogenic systems is likely to be depending on the exception rather than the rule. An additional ongoing tension between these disciplines is the time frames over which they occur. While a single large-scale analysis typically generates multiple potentially important hypotheses, often times with broad implications, traditional molecular biology proceeds at a slow pace and tends to be narrow in focus. However, the reality is that each of the disciplines needs and is enhanced by the other.
Even if one accepts the potential of the "omics" approaches, there are multiple challenges remaining to bring this potential to fruition. Technically, considerations such as cell line selection and number, compound selection and number, clinical sample selection and handling, and assay types all are key. Furthermore, the attention to experimental detail, quality control, and reproducibility exceed that required for less systematic studies.
Biologically, it is likely that the field will need to adopt a more pathway inclusive view of molecular events. Even in the robustly correlated BRAF V600E vemurafenib example, (Garnett et al. 2012; Abaan et al. 2013) , patients tend to respond well for a 3-to 6-month period of time and then relapse. Of course in patients, every combination of pathway modification occurs, including those that affect BRAF influence. The logical outcome is that when making treatment decisions, the specific complexity of the patient's disease needs to be considered. An example from the NCI-60 data of this type of complexity is that although the LOX-IMVI melanoma contains the V600E alteration in BRAF, it has reduced sensitivity to the BRAF inhibitor vemurafenib as compared to the other cell lines with that mutation. Variations that occur in known pharmacologically important genes, such as drug targets, and those involved in apoptosis and survival, DNA damage response, drug efflux, and metabolic vulnerabilities will also require extra scrutiny.
Pharmacologically, the previously discussed result inconsistencies between the CCLE, GDSC, and the NCI-60 place an interpretive burden on the field. Further study to clarify these inconsistencies is indicated, with some level of cross-institutional collaboration or cooperation desirable. Certainly, having each institution doing more of the same drugs at identical concentrations is a sensible starting point. However, it remains likely that different assay types done at different time points will give continue to give real and different results, and these may have some specificity for the individual drugs. The goal here for all should be to make these differences informative and complimentary, not confusing and uninterruptable.
Algorithmically, there are multiple approaches to choose from, with the choice being influenced by the data being considered and nature of the comparison being made. For dominant factor considerations, correlation will work well, however, the statistical learning approaches will likely dominate as the numbers of contributing factors being considered and size and numbers of the databases increase. Statistics can provide an assessment of significance to aid in the interpretation of results.
Unfortunately, it is likely that identification of those molecular events that affect pharmacology based on the above-described approaches will be generally inadequate. Some form of integration of biological knowledge into the algorithmic approaches, such as those described previously will likely be requisite (Croft et al. 2011; Folger et al .   Fig. 2 A schematic Li and Li 2008; Margolin et al. 2006 ). This biological knowledge may take the form of pathways, functional grouping of genes that work together, genes known to be influential in pharmacology, or results from some largescale assay [example, the kinase inhibitor screen (McDermott and Settleman 2009; McDermott et al. 2007) ].
While the obstacles are numerous and daunting, the need to better understand the determinants of response and resistance to both the currently approved, as well as an increasing number of drugs in preclinical development provides an impetus to continued research and development. We look forward to a paradigm shift in the diagnosis and selection of pharmacological treatments based on genomic and proteomic technologies.
